22q11.2 Deletion syndrome (22q11DS) is a genetic disorder associated with numerous phenotypic consequences and is one of the greatest known risk factors for psychosis. We investigated intrinsic-connectivity-networks (ICNs) as potential biomarkers for patient and psychosis-risk status in 2 independent cohorts, UCLA (33 22q11DS-participants, 33 demographically matched controls), and Syracuse (28 22q11DS, 28 controls). After assessing group connectivity differences, ICNs from the UCLA cohort were used to train classifiers to distinguish cases from controls, and to predict psychosis risk status within 22q11DS; classifiers were subsequently tested on the Syracuse cohort. In both cohorts we observed significant hypoconnectivity in 22q11DS relative to controls within anterior cingulate (ACC)/precuneus, executive, default mode (DMN), posterior DMN, and salience networks. Of 12 ICN-derived classifiers tested in the Syracuse replication-cohort, the ACC/ precuneus, DMN, and posterior DMN classifiers accurately distinguished between 22q11DS and controls. Within 22q11DS subjects, connectivity alterations within 4 networks predicted psychosis risk status for a given individual in both cohorts: the ACC/precuneus, DMN, left executive, and salience networks. Widespread within-network-hypoconnectivity in largescale networks implicated in higher-order cognition may be a defining characteristic of 22q11DS during adolescence and early adulthood; furthermore, loss of coherence within these networks may be a valuable biomarker for individual prediction of psychosis-risk in 22q11DS.
Introduction 22q11.2 Deletion syndrome (Velocardiofacial/DiGeorge syndrome; OMIM #192430; 22q11DS) is a genetic disorder affecting 1 in 2000-4000 live births, which results from a variable length hemizygous deletion (comprising some 30-60 genes) on chromosome 22 (Shaikh et al. 2000; Drew et al. 2011) . While the deletion confers a wide range of phenotypic consequences, including palate anomalies, cardiac defects, dysmorphic facial features, immune deficiencies, and hypocalcemia, it is most notable for the cognitive dysfunction and heightened risk of developmental neuropsychiatric disease (particularly psychotic spectrum disorder) it imparts (Murphy 2002; Monks et al. 2014; Schneider et al. 2014) . Accordingly, 22q11DS offers a unique opportunity to examine early neural biomarkers relevant to the development of psychosis in a genetically vulnerable population (Debbane et al. 2012; Schreiner et al. 2013; Meechan et al. 2015) .
Resting state functional MRI (rs-fMRI) holds promise as a method for uncovering a neural signature that may serve as such a biomarker. Since the first reports of correlations in spontaneous brain activity across spatially distinct areas of the cortex, the analysis of rs-fMRI data has rapidly grown to become an established field in its own right (Biswal et al. 1995; Van Den Heuvel and Hulshoff 2010) . Leveraging these approaches, a large number of studies have now documented disrupted intrinsic functional architecture in individuals suffering from idiopathic psychotic illness, and have shown associations between intrinsic functional connectivity and behavioral outcomes (Broyd et al. 2009; Anticevic et al. 2014; Littow et al. 2015) . Simultaneously, the emergence of machine learning approaches to neuroimaging data has increasingly demonstrated great promise for identifying predictors of unexplained variance in outcomes (Uddin et al. 2013; Plitt et al. 2015) . Recent work in 22q11DS has characterized alterations in intrinsic connectivity networks (ICNs) and the behavioral correlates of these aberrations via a range of analysis methods, from classic hypothesis-driven region-of-interest or seed-based approaches to data-driven independent component analysis (ICA) and graph theoretical approaches. Our group's initial examination of functional connectivity in 22q11DS used an a priori, seedbased approach to uncover evidence of weakened long-range connectivity between the posterior cingulate and ventromedial prefrontal cortex, the 2 major hubs of the default mode network (DMN), and an association between the strength of this long-range connectivity and social behavior (Schreiner et al. 2014 ). The first published study to investigate multiple resting state networks in 22q11DS utilized dimension-restricted ICA to identify both increased and decreased functional connectivity within several ICNs (including the DMN), and showed a relationship between prodromal symptom severity and DMN strength (Debbane et al. 2012 ). More recently, this same group applied a support vector machine (SVM) classifier to graph theory connectivity matrices to distinguish between 22q11DS subjects and controls, showing that the strength of functional connections largely within the frontal lobe offered the strongest predictor of group membership (Scariati et al. 2014 ). However, these findings were not validated in an independent cohort, and previous research has shown that regularized logistic models that encourage sparsity provide a more robust and accurate prediction of diagnostic status than can be achieved within an SVM-framework (Ryali et al. 2010) . Despite the important groundwork laid by these initial forays, the small sample sizes, and wide variation in image processing streams and methodologies across studies highlights the need for robust, reliable biomarkers that can be independently validated. Here we investigated the complete range of ICNs in individuals with 22q11.2 deletions and typically developing controls using an unbiased, data-driven approach (Beckmann and Smith 2004) . The goal of these analyses was to: (1) identify measures of within-network connectivity that could accurately distinguish participants with 22q11DS from typically developing controls and (2) predict psychosis risk status on an individual basis. Based on prior findings in other neurodevelopmental disorders indicating disruption of resting networks that predicted both case-control status (Uddin et al. 2013 ) and behavioral outcomes (Plitt et al., 2015) , we predicted that alterations in large scale networks involved in higher-order and social cognition (i.e., default mode, executive, and salience networks) may discriminate 22q11DS patients from controls, and be related to psychosis risk status.
Materials and Methods

Participants
The initial sample, consisting of 66 participants aged 8-20 years (33 patients with a molecularly confirmed diagnosis of a 22q11.2 microdeletion and 33 age-and sex-matched typically developing controls), was recruited from an ongoing longitudinal study at the University of California, Los Angeles. Exclusion criteria for all study participants were additional neurological or medical condition that might affect neuroimaging measures, insufficient fluency in English, substance or alcohol abuse and/ or dependence within the past 6 months, and/or any condition that is a contraindication for MRI (pregnancy, claustrophobia, etc.) . Healthy controls additionally did not meet criteria for any major mental disorder, based on information gathered during administration of the Structured Clinical Interview for DSM-IV Axis I Disorders (SCID) (First et al. 1996) , with an additional developmental disorders module, as applied by Addington et al. (2012) , for participants over the age of 16 years, and/or the Computerized Diagnostic Interview Schedule for Children (C-DISC) (Shaffer et al. 1996) for participants aged ≤16 years. Healthy controls additionally could not meet criteria for a prodromal state, as assessed by the Structured Interview for Prodromal Syndromes (SIPS) (Miller et al. 2003) . All clinical interviews were conducted by highly trained MA-or PhD-level psychologists; inter-rater reliability and case consensus procedures have been described in detail elsewhere (Ho et al. 2012; Jalbrzikowski et al. 2012) . All participants and/or their parents underwent a verbal and written informed consent process after complete description of the study. The UCLA Institutional Review Board approved all study protocols and all participants provided informed consent.
The unique replication dataset consisted of 56 participants ages 18-26 (28 patients with a molecularly confirmed diagnosis of a 22q11.2 microdeletion and 28 age-and sex-matched typically developing controls) ascertained at SUNY Upstate Medical University in Syracuse, NY, from an ongoing longitudinal study. Exclusion criteria matched that described above. The SUNY Institutional Review Board approved all study protocols and all participants provided informed consent. Table 1 provides demographic information for all participants included in our analyses, following exclusion of subjects with excess motion (see below) during their scan. There were no participants who were previously on antipsychotics, but no longer taking antipsychotics. Demographics of UCLA and Syracuse cohorts were similar, except the Syracuse subjects were significantly older than the subjects in the UCLA sample (P < 0.0001). There were no significant differences between the UCLA and Syracuse cohorts in patient characteristics (i.e., SIPS score, IQ, or medication status). A previous publication included 71% (47/66) of the participants in the current UCLA cohort, in which an a priori seed-based approach was utilized to characterize rs-fMRI connectivity specifically within the DMN (Schreiner et al. 2013) . Previous publications have reported on neurocognitive, anatomical, and clinical findings in the participants in the Syracuse cohort Coman et al. 2010; Roizen et al. 2010; Kates et al. 2011; McCarthy et al. 2015 ), but did not include resting state fMRI data. A recent publication by our Syracuse collaborators (Mattiaccio et al. 2016) reports on the association between resting-state network connectivity and clinical symptoms measured by the Brief Psychiatric Rating Scale, verbal memory, and executive functioning, in a partially overlapping sample.
Neurobehavioral Measures
All subjects from the UCLA sample over age 10 (N = 56; 28 22q11DS, 28 controls) were interviewed with the SIPS by a trained clinical interviewer, to assess the presence and severity of psychotic symptoms. 22q11DS individuals were categorically defined as being at high risk of conversion to psychosis based on the presence of any positive symptom rated in the prodromal or psychotic range, that is, a rating of 3 or higher on any item in the positive symptom subscale of the SIPS (22q HR , N = 10). Low Risk was defined as having no positive symptoms in the prodromal /psychotic range (22q LR , N = 18). The SIPS interview was also applied to all subjects in the Syracuse sample (N = 56, 28 22q11DS, 28 controls), and 22q11DS subjects were again divided into high risk (22q HR , N = 8) and low risk (22q LR , N = 20) groups. The 22q HR and 22q LR groups did not differ in demographic characteristics (e.g., age, gender, IQ, or scanner site) within either cohort (Supplementary Table 1 ).
MRI Acquisition
UCLA
Structural and functional scans for the UCLA sample were acquired at either the Ahmanson-Lovelace Brain Mapping Center (BMC) or the Staglin Center for Cognitive Neuroscience (CCN) in Los Angeles, CA, USA. Both sites had an identical 3 T Siemens Tim Trio system, utilizing a 12-channel head coil. 22q11DS subjects and control subjects were split equally between the 2 scanner sites, the scanning protocols implemented at each site were identical and analysis of potential betweenscanner differences revealed no regions of differential cortical activation between scanner locations. The primary structural scan used for registration purposes consisted of a matchedbandwidth high resolution T1 image (voxel size 1.5 × 1.5 × 4.0 mm 
SUNY Upstate (Syracuse)
Structural and functional scans for the Syracuse sample were acquired at SUNY Upstate Medical University, Syracuse, NY, USA. The scan site utilized a 3 Tesla Siemens Tim Trio system, with an 8-channel head coil. The primary structural scan used 
Data Preprocessing
All data (from both the UCLA and Syracuse cohorts) were preprocessed and analyzed blind to diagnostic status with tools from the FMRIB Software Library (FSL; fsl.fmrib.ox.ac.uk/fsl) using standard practices (Supplementary Information). Each subject's full functional scan was motion-corrected by registering each image to the middle volume as a reference, using FMRIB's linear image registration tool. Any subject with >3 mm of translational motion or >3°of rotational motion was excluded from further analysis. This resulted in the exclusion of two 22q11DS patients and 2 control subjects at UCLA, and one 22q11DS subject at Syracuse, from the larger pool of subjects at each site from which the demographically matched 22q11DS patients and controls included in the study were selected. Accordingly, no subject in the final N = 66 UCLA cohort or N = 56 Syracuse cohort was discarded due to excess motion. Further characterization of motion was conducted using root mean square (RMS) volume-to-volume displacement of each brain volume relative to the previous volume (i.e., relative displacement; Jenkinson et al., 2002) . Mean RMS motion is provided in Table 1 . Additional indices of motion are provided in Supplementary Table 2 ; there were no significant differences between the patient and control groups in any motion indices at UCLA or Syracuse.
Group ICA, Network Identification, and Dual Regression
Following initial preprocessing, the individual fMRI scans were entered into FSL's MELODIC toolbox, for single-session ICA (ssICA), as in Kelly et al. 2010, and Griffanti et al. 2014 . ssICA decomposed each individual's 4D scan into a series of different spatial and temporal components, some of which represented underlying ICNs and some of which represented artifacts related to motion, scanner drift and/or extraneous physiological noise. De-noised fMRI scans (Supplementary Information for details) were then concatenated across all subjects in the UCLA cohort and entered into a group ICA (gICA) session (Calhoun et al. 2009 ). Brain Nexus templates (Thomason et al., 2011; www. brainnexus. com/resources/resting-state-fmri-templates) were used to identify plausible ICNs and a Dual Regression approach was used to generate subject-specific versions of the relevant gICA components (Beckmann 2009 ). Each ICN was tested for group differences in both directions; significant clusters were identified using threshold-free cluster enhancement with family-wiseerror correction (Supplementary Information for details).
Network-Derived Classifiers
For each of the 66 participants from the UCLA cohort, subjectspecific spatial maps for each of 12 ICNs (reported below) were restricted to a thresholded (Z > 4.3; P < 0.0001) mask of the group-average ICN from the gICA. These thresholded maps were vectorized and entered into a regularized logistic regression classifier, to analyze the ability of classifiers derived from each ICN to accurately distinguish between patients and controls. The classification algorithm used was lassoglm (www. mathworks.com/help/stats/lassoglm.html), a tool bundled with the Statistics Toolbox for MATLAB that utilizes L1-regularization to impose a sparse weight selection to predictors such that most features have zero weight. This algorithm was implemented to mitigate the potential for over-fitting given the large number of predictors (i.e., voxels) for each ICN relative to observations (i.e., subjects). Leave-one-out cross-validation (LOOCV) optimized the regularization parameter to generate final models of in-network voxels for each ICN that would both robustly predict group membership in the training dataset and be likely to generalize to independent datasets (Tibshirani 1996; Ng 2004; Uddin et al. 2013) . The final models were applied back to the UCLA sample to examine training error within the UCLA cohort, and then tested/validated in the independent Syracuse dataset, as described below. We report number of subjects misclassified, accuracy, sensitivity, and specificity for each ICNbased classifier. Inference was accomplished by computing a bootstrap distribution of null classifier models, to aid in calculation of P-values that assess significance of a given ICN's classification accuracy.
A nested cross-validation procedure was additionally implemented for each ICN within the training set to generate performance estimates of UCLA-trained classifiers as applied to independent samples (Varoquax et al. 2017 ). Thus, 2 LOOCV loops were run, one inside the other; the inner cross-validation loop was used to set the optimal regularization parameter, while the external loop varying the left out fold was used to calculate average accuracy using the left out sample (i.e., to generate estimates of model accuracy in new data not used for model parameter estimation). Cross-validated estimates of number of subjects misclassified and classification accuracy are provided.
Classifier-Based Prediction of Psychosis Risk Status
To examine potential relationships between within-network connectivity and psychotic symptom severity in the 22q11DS group, we trained a variation of the lassoglm algorithm described above on the subset of UCLA-22q11DS subjects with SIPS data (N = 28, ages 10-20 years), in order to determine the ability of voxels within a particular ICN to accurately partition these subjects into high risk (HR) (22q HR ) or low risk (LR) (22q LR ) categories on the basis of their within-network connectivity (Supplementary Information). The final models were similarly applied back to the UCLA sample to examine training error, and tested in the independent Syracuse dataset. A nested cross-validation procedure was additionally implemented to generate performance estimates of UCLA-trained classifiers as applied to independent samples.
Validation of Classifiers in Syracuse Dataset
For each ICN, the UCLA-trained diagnostic classifier was applied to the subjects from the Syracuse cohort, to test the generalizability of each classifier for distinguishing between 22q11DS patients and controls in this independent cohort of young adults (N = 56) (Pereira et al. 2009 ). P-values for the logistic-regression diagnostic classifiers were calculated from a bootstrap distribution of null models and are Bonferronicorrected, for all networks tested.
Logistic regression classifiers trained to assess prodromal risk status in the UCLA sample were similarly applied to the Syracuse testing dataset, to obtain a measure of their ability to generalize to a unique sample of 22q11DS subjects (N = 28).
Results
Group Differences in Functional Connectivity
gICA on the UCLA sample of N = 66 subjects yielded 32 independent components when utilizing ADE to extract the optimal number of components to describe the data. From these 32 components, the template-matching procedure identified 12 putative ICNs of interest: DMN, posterior DMN, anterior cingulate (ACC)/precuneus network, a merged auditory/middle temporal network (AUD/TEMP), visual network, motor network, supplementary motor network (SUPP MOT), left (LEFT EXEC) and right (RIGHT EXEC) lateralized executive networks, combined executive network (COMB. EXEC), parietal association network (PAR ASSOC) and salience network (SAL) (Fig. 1) . For 22q11DS patients versus controls, no significant ICN hyperconnectivity survived the multiple comparison correction and stringent FWE-rate criteria applied by randomize, but significantly reduced functional connectivity (i.e., within-ICN hypoconnectivity) was observed in 5 of the 12 networks: ACC/ precuneus network, DMN, posterior DMN, combined executive, and salience networks (Fig. 2) . Within the ACC/Precuneus network, significantly weaker functional connectivity in 22q11DS subjects was localized to the paracingulate gyrus, medial prefrontal cortex (mPFC), superior frontal gyrus and vmPFC. Location, size, and significance of clusters surviving multiple comparison correction are reported in Table 2A .
Single-subject de-noising, gICA, ICN identification, and dual regression were performed on the Syracuse cohort in an identical manner to the procedures described above for the UCLA data. Among the ICNs identified using gICA and template matching in the Syracuse cohort (Supplementary Figure 1) , a highly similar pattern of 22q11DS within-network hypoconnectivity was found in 5 ICNs (Table 2B) . Specifically, clusters of within-network hypoconnectivity were observed in predominantly frontal and posteromedial cortical regions, in the left and right executive network, DMN, posterior DMN, and a combined ACC/precuneus and salience network. Clusters showing significant within-ICN hypoconnectivity across both the UCLA and Syracuse cohorts is shown in Supplementary Figure 2. 
22Q11DS Versus Control Classifier Performance in Training Dataset
The accuracy of the classifiers derived from each ICN as applied to the UCLA training set are shown in Table 3 , along with crossvalidated estimates for the performance of each classifier for independent cohorts. Of the 12 ICNs defined above in the training set, 10 classifiers were able to correctly discriminate between 22q11DS patients and controls at a greater than chance (50%) level in the UCLA cohort, on the basis of withinnetwork connectivity alone (Fig. 3) . The average classification accuracy was 87% across all ICN-derived classifiers (including those trained on connectivity from within the Right Executive network and Motor Network, the 2 classifiers which did not perform above chance).
22Q11DS Versus CONTROL Classifier Testing in Syracuse Cohort
Following training of the ICN-derived classifiers on the UCLA cohort, the 22Q11DS versus Control classifiers were applied to the Syracuse cohort (N = 56) for testing/validation (Fig. 3) . Of the 12 ICN-derived classifiers examined, 3 maintained significant accuracy (P < 0.0042) when applied to this unique sample, despite the noted age difference between cohorts. The ACC/precuneus network-derived classifier correctly identified 21 of 28 patients with 22q11DS (75% sensitivity) and 20 of 28 controls (71% specificity) in the Syracuse cohort, achieving a classification accuracy of 73.2% overall (P = 0.0033). The DMN-derived classifier correctly identified 27 of 28 patients with 22q11DS (96% sensitivity) and 13 of 28 controls (46% specificity), achieving a classification accuracy of 71.4% overall (P = 0.0029). The posterior DMN-derived classifier correctly identified 24 of 28 patients with 22q11DS (86% sensitivity) and 18 of 28 controls (64% specificity), achieving a classification accuracy of 75% overall (P = 0.0011). Full results on the performance of the ICNderived classifiers in the testing (Syracuse) dataset are also presented in Table 3 .
Classifier Prediction of Psychosis Risk Status in the UCLA dataset
For each ICN, sparse linear regression (i.e., the Lasso) was able to generate a compact model of within-network voxels that robustly predicted positive prodromal symptom severity in UCLA-22q11DS patients. Using the voxels identified by the Lasso, a logistic regression model was fit to optimally discriminate between 22q HR and 22q LR subjects within the UCLA cohort (N HR = 10, N LR = 18) (Fig. 4) . The average training accuracy was 82% across all ICN-derived classifiers. For each classifier, we report the total subjects misclassified, overall accuracy, sensitivity, and specificity within UCLA (i.e., training error), as well as the nested cross-validated estimates of number of subjects misclassified and average accuracy in Table 4 .
22Q HR Versus 22Q LR Classifier Testing With Syracuse Dataset
Following training of the ICN-derived classifiers on the 22q11DS subjects from the UCLA cohort, the HR versus LR classifiers were applied to the 22q11DS subjects from the Syracuse cohort (N HR = 8, N LR = 20) for testing/validation (Fig. 4 and Table 4 ). Across the 12 ICN-derived classifiers, average classification accuracy was 78%. Four of the 12 ICNs maintained significant accuracy (P < 0.0042) when applied to the unique testing cohort: specifically, classifiers derived from the ACC/precuneus network (86% overall classification accuracy; P = 0.0002), DMN (82%; P = 0.0004), left executive network (79%; P = 0.0019), and salience network (79%; P < 0.0001).
Robustness of Group Differences and Classifier Performance to Motion
Motion was similar between 22q11DS and control subjects (Supplementary Table 2 ) and between 22q HR and 22q LR subjects for both cohorts (Supplementary Table 1 ). Given that similar patterns of hypoconnectivity were seen in 22q11DS subjects relative to controls when analyses were restricted to subjects with minimal motion, it is highly unlikely that differences in motion account for group differences in connectivity across these ICNs (Supplementary Information Section 1.7 for details). Additionally, the accuracy of the ICN-derived classifiers that significantly distinguished between 22q11DS and control subjects and between 22q HR and 22q LR across sites was similar in subgroups of subjects with minimal motion (Supplementary  Tables 11-14) .
Sensitivity Analyses
As Attention Deficit Hyperactivity Disorder (ADHD) and Autism Spectrum Disorder (ASD) are common comorbidities for those diagnosed with 22q11DS, we sought to determine whether the ICN-derived classifiers trained to differentiate between HR and LR subjects could also detect the presence of ADHD (N = 11) or ASD (N = 14) in the 22q11DS subjects in our data. These followup analyses revealed that none of the ICN-derived HR versus LR classifiers were able to accurately distinguish between 22q11DS subjects with ADHD and those without an ADHD diagnosis, nor those with or without an ASD diagnosis, in the training and testing cohorts.
Discussion
This study is the first to investigate multiple ICNs in 2 independent samples of patients with 22q11.2 deletions and demographically comparable typically developing controls. Several novel findings emerged, in particular: (1) consistent and replicable patterns of hypoconnectivity exist within large-scale brain networks implicated in higher order cognition in 22q11DS during adolescence; (2) hypoconnectivity signatures in the ACC/ precuneus, DMN, and posterior DMN could reliably distinguish individuals with 22q11DS from controls in an independent sample; and (3) hypoconnectivity in the ACC/precuneus, DMN, left executive, and salience networks reliably differentiated between 22q11DS subjects at high and low risk for psychosis in 2 independent cohorts.
Our findings of within-network hypoconnectivity in 22q11DS across several ICNs are largely consistent with established literature in 22q11DS and idiopathic schizophrenia (Broyd et al. 2009; Scariati et al. 2014) . Indeed, significantly reduced functional connectivity in patients with idiopathic schizophrenia relative to matched controls has previously been observed within the posterior cingulate and precuneus (Calhoun et al. 2012 ); the same regions in which we observed localized clusters of ACC/precuneus and DMN hypoconnectivity in 22q11DS. In addition, our results from the Syracuse replication dataset exhibit striking similarities to our primary findings from the UCLA cohort, supporting the notion of general ICN hypoconnectivity as a defining characteristic of 22q11DS during adolescence and early adulthood. The first report of ICN dysfunction in 22q11DS subjects utilizing an ICA approach with a pre-specified number of components (Debbane et al. 2012) , showed within-network connectivity differences in both directions, with (predominantly adolescent) 22q11DS patients showing regions of relative hypoconnectivity in a high-level visual processing network and the DMN, but also clusters of hyperconnectivity in lower-level networks (visuospatial processing and sensorimotor networks) and the DMN. Using different methods from ours in a partially overlapping young adult sample, our Syracuse collaborators observed 22q11DS hyperconnectivity in mostly lower-level ICNs (sub-clusters of the low-level visual processing network, Limbic/Temporal, DMN and visuospatial processing networks) and hypoconnectivity in 22q11DS AUD/IFG = auditory cortex/inferior frontal gyrus network; COMB EXEC = combined executive network; PAR ASSOC = parietal association network; post DMN = posterior default mode network; SUPP MOT = supplementary motor network; MIS = subjects misclassified; % AC = percent accuracy; SENS = sensitivity; SPEC = specificity; PPV = positive predictive value; NPV = negative predictive value; P = P-value. subjects largely within higher-order cognitive networks (e.g., precuneus, left and right executive and salience networks; Mattiaccio et al. 2016) . In contrast, in our analyses, any findings of relative hyperconnectivity in 22q11DS patients-in both our adolescent UCLA cohort and the Syracuse young adult cohortfailed to survive correction for multiple comparisons. Despite these differences, the cluster locations of significant hypoconnectivity in 22q11DS patients reported by Debbane et al. (2012) and Mattiaccio et al. (2016) are consistent with those we report here; namely, in the precuneus, pre/postcentral gyrus, superior frontal gyrus, and medial frontal cortex. Accordingly, the numerous methodological differences in our processing streams and analysis choices could account for the discrepancies between studies. Despite the age difference between the training and testing cohort, the ICN-derived classifiers trained on connectivity maps from the UCLA cohort were largely able to generalize to an independent cohort of older individuals, providing evidence for developmental stability of these connectivity deficits in 22q11DS. In particular, the pronounced alterations to long- AUD/IFG = auditory cortex/inferior frontal gyrus network; COMB EXEC = combined executive network; PAR ASSOC = parietal association network; post DMN = posterior default mode network; SUPP MOT = supplementary motor network; MIS = subjects misclassified; % AC = percent accuracy; SENS = sensitivity; SPEC = specificity; P = P-value.
range functional connections anchored by the cingulate cortex, precuneus, and frontal cortex echo findings reported in the current literature on 22q11DS (Ottet et al. 2013) . Moreover, the ability of ICN-derived classifiers to also accurately partition the training and testing 22q11DS cohorts into "High Risk" and "Low Risk" subgroups supports the notion that ICN hypoconnectivity in adolescence may be a relevant biomarker for psychosis risk (Broyd et al. 2009; Calhoun et al. 2012; Scariati et al. 2014; Alderson-Day et al. 2015; Alonso-Solís et al. 2015) . The ICNs for which within-network connectivity was both robustly predictive of case-control status and HR versus LR status (within 22q11DS subjects) were the ACC/precuneus network and the DMN. These are both networks involving predominantly midline brain regions, suggesting functional disruption of these regions may be related to disrupted midline cortical development (Bearden et al. 2007 ). Additionally, our findings are largely convergent with the wealth of studies in murine models of 22q11DS, indicating that the syndrome is a disorder of cortical circuit formation (Chun et al. 2014; Meechan et al. 2009 Meechan et al. , 2015 ; and further, that this neurodevelopmentally based hypoconnectivity has relevance for clinical symptomatology.
Applications of network-based diagnostic classifiers have become an area of intense research and interest in the neuroimaging community, and recent work has shown that regularized logistic regression approaches that encourage sparse models tend to outperform a SVM framework for classification problems involving fMRI data (Ryali et al. 2010; Mohr et al., 2015; Rosa et al. 2015) . Our ability to achieve an average 22q11DS versus control classification accuracy of 96.3% within the training set when using sparse regularization to train classifiers derived from the ACC/precuneus, DMN, and posterior DMN ICNs, and to successfully apply these classifiers to a completely independent validation cohort with 73% accuracy is notable. Previous work utilizing a SVM-framework on graph theory based resting state connectivity matrices achieved a maximal cross-validation classification accuracy of 84% for distinguishing 22q11DS cases from controls in the training set, and did not test the performance of their classifier on any independent datasets (Scariati et al. 2014) . Conversely, a classifier trained on the DMN in the present study showed a crossvalidation accuracy estimate of 91% within the UCLA cohort, and achieved 71% accuracy in the independent cohort, despite the age difference between the 2 cohorts. Convergent with our current findings, previous research has consistently demonstrated that alterations in DMN extent and strength are associated with a range of cognitive deficits and psychotic symptoms, both in 22q11DS and idiopathic schizophrenia (Broyd et al. 2009; Debbane et al. 2012; Schreiner et al. 2013) . Furthermore, the classifiers that yielded the most robust case-control classification accuracies in cross-validation and the testing set were largely derived from functional networks implicated in higherorder cognition (e.g., ACC/precuneus, DMN, posterior DMN, and executive networks), rather than those involved in basic sensory or motor processing. This parallels reports of the cognitive and behavioral deficits characteristic of the syndrome (Drew et al. 2011) , and the central role these ICNs play in mediating cognitive processes (Menon 2011) .
This overall case versus control classification is the first step in establishing algorithms that can distinguish those at HR for a psychiatric outcome (i.e., psychosis) from those at low risk. Notably, in the UCLA training cohort we also achieved a mean accuracy of 89.25% across the ACC/precuneus, DMN, left executive, and salience-derived classifiers for discriminating 22q11DS youth at high versus low risk for psychosis, with 81.5% accuracy in our testing/validation cohort. In the context of other genetic disorders (e.g., Huntington's disease), machine learning algorithms based on multivariate voxel patterns obtained from neuroimaging data have been shown to be valuable for generating quantitative measures predictive of disease progression that are strongly correlated with established measures of disease progression (Rizk-Jackson et al. 2011) . Resting state functional connectivity data has also been shown to successfully predict heterogeneity in outcomes for individuals with ASD that could not be accounted for by behavioral indices (Plitt et al. 2015) .
Few empirical studies have been published to date on ICNs in other neurogenetic syndromes. While findings are tentative due to small sample sizes, Vega et al. (2015) found reduced within-network connectivity in multiple ICNs in patients with Williams Syndrome versus typically developing controls. Similar to our 22q11DS population, youth with Williams Syndrome had markedly reduced within-network connectivity in the default mode and visual attention networks relative to controls. The authors suggest that altered brain morphology in William Syndrome, particularly in the corpus callosum, may influence interhemispheric connectivity; notably, similar anomalies of midline brain development are characteristic of 22q11DS (Bearden et al. 2007; Shashi et al. 2012) . In contrast, patients with Down Syndrome had higher levels of betweennetwork connectivity in several network pairs relative to controls, but no difference in within-network connectivity (Vega et al. 2015) . These findings are consistent with a hypothesis of immature development of typical neural connectivity in Down Syndrome patients; clearly, more research on larger samples is needed, as well as translational studies in animal models, to better understand the neurobiological basis of the observed connectivity alterations across disorders.
Despite the overall convergence of results across the UCLA and Syracuse cohorts, we witnessed splitting and/or merging of some common ICNs in the Syracuse sample. Specifically, we observed that the components associated with the ACC/precuneus network, salience network, and parietal association network appeared to mix and overlap to some extent, and that a portion of the combined executive network appeared to merge with a portion of the right parietal association network. However, this apparent splitting/merging of the templatedefined ICNs in the older cohort (aged 18-26 years) is to be expected, considering the maturation of resting state networks with age, and our decision to apply the same Brain Nexus templates (derived from subjects aged 9-15 years) for ICN-identification across samples for internal consistency and comparability. Importantly, the use of network templates available from the BrainMap database (derived from adults, age range 20-35 years), to identify components of interest in the UCLA and Syracuse cohort did not alter the ICNs identified, nor any of the subsequent results. With regard to the spatial overlap of several ICNs (e.g, the DMN and posterior DMN, or the ACC/precuneus and salience networks), we note that ICA does not extract components with spatial extents that are mutually exclusive of one another-rather, it attempts to maximize the spatial independence of the components, subject to the constraint that it minimize the unexplained variance in the raw data.
Despite our use of regularization to avoid over-fitting the classifier models to the input data, there are caveats that should accompany the reporting of these results. In particular, when Lasso/L1 regularization algorithms encounter 2 predictors that are strongly correlated, they will tend to select one and eliminate the other, rather than jointly shrinking the 2 coefficients and keeping both (as in Ridge/L2 regression; Tibshirani 1996; Ng 2004) . This process enforces sparsity and simplicity in the resultant model, but theoretically, may not consistently select the same predictors each time it is run on the same input data. Accordingly, it may be less reliable in identifying specific features out of a group of highly correlated features (i.e., withinnetwork voxels) that differ between 22q11DS patients and controls. However, the notable performance of the ACC/precuneus, DMN, and posterior DMN-derived classifiers in the independent Syracuse cohort provides strong evidence for the generalizability of the observed connectivity deficits within these networks.
Aside from the technical considerations raised above, some additional limitations should be noted. First, in addition to the unequivocal association of 22q11DS with psychosis, other psychiatric comorbidities (e.g., ADHD, ASD, and anxiety) are commonly observed in patients with 22q11DS ) and could present a potential confound for observed group differences. However, our follow-up sensitivity analyses revealed that none of the ICN-derived classifiers that distinguished 22q11DS patients at high versus low risk for psychosis were able to distinguish between 22q11DS subjects with or without an ADHD diagnosis, nor those with or without ASD, suggesting that the connectivity deficits encoded by these classifiers are specific to psychosis risk. Patients in the 22qHR and 22qLR groups also did not differ in IQ or other demographic factors in either cohort, indicating that the accurate HR versus LR classification was not attributable to general cognitive or other differences between groups. Second, the cross-sectional nature of the study is a limitation. Data from individuals at clinical HR for psychosis (defined by high SIPS scores) indicate an~35% rate of conversion to overt psychotic disorder within 3 years following ascertainment (Cannon et al. 2008; Fusar-Poli et al. 2012) . Using similar HR criteria, Klosterkötter et al. (2001) found that 79/160 (49%) of individuals with prodromal symptoms developed a psychotic disorder over a 9.6-year period. While elevated SIPS positive symptoms are consistently associated with risk for conversion to overt psychosis (Cannon et al. 2008; Perkins et al. 2015) , we do not know what portion of HR 22q11DS subjects will ultimately develop overt psychosis. Thus, longitudinal validation of the psychosis-risk ICN signatures for predicting the development of an overt psychotic disorder is an important next step. Third, given that some studies suggest that motion may increase local connectivity while reducing BOLD signal correlations between distant areas (Power et al. 2012; Van Dijk et al. 2012; Satterthwaite et al. 2013) , it is important to consider the possibility that differential motion between 22q11DS cases and controls could have contributed to our findings of hypoconnectivity in 22q11DS. In the present study, ICA was used to identify and remove motion-related noise signal. It is possible that some noise-related signal persisted in our data. However, given that 22q11DS and control subjects showed similar amounts of motion at each site, and that similar patterns of hypoconnectivity were found across ICNs when group comparisons were restricted to subgroups of subjects with minimal motion, it is unlikely that differences in connectivity could be accounted for by differential motion effects. Finally, it should be noted that while the diagnostic classification accuracy of the ACC/precuneus, DMN and posterior DMN-derived classifiers was high in both the UCLA training-and Syracuse testingcohorts, the average accuracy of these classifiers was lower in the test cohort (i.e., 73%). Similarly, the average accuracy of the ACC/precuneus, DMN, left executive, and salience-derived classifiers for distinguishing 22q11DS youth at high versus low risk for psychosis was lower in the test cohort (81.5%) relative to the training cohort (89.25%). Further work is therefore needed before these classifiers are appropriate for clinical use.
The findings presented in this work highlight the withinnetwork connectivity deficits that appear to be a hallmark of 22q11DS throughout the critical period of adolescence and into early adulthood, when individuals are most at risk of developing a psychotic disorder. Classifiers derived from the ACC/precuneus network, the DMN, and the posterior DMN were the most robust, highlighting the marked reduction of long-range communication in networks anchored along the cortical midline in adolescents with 22q11DS. These 3 classifiers generalized to an independent sample of young adults, suggesting that ICN hypoconnectivity within these networks may be a stable distinguishing feature of 22q11DS over time. Finally, the robust and predictable variation in ICN-coherence (within the ACC/precuneus, DMN, left executive, and salience networks) between the 22q HR and 22q LR groups allows the reliable identification of 22q11DS subjects at HR of developing a psychotic disorder. These findings suggest a replicable biomarker that may aid in the identification of a nascent psychiatric disorder.
